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APPARATUS AND METHODS FOR
PROCESSING INPUTS IN AN ARTTFICIAL
NEURON NETWORK

RELATED APPLICATIONS

This application is related to co-owned and co-pending
U.S. patent application Ser. No. 13/922,143 entitled
“INCREASED DYNAMIC RANGE ARTIFICIAL NEU-
RON NETWORK APPARATUS AND METHODS” filed
contemporaneously herewith on Jun. 19, 2013, incorporated
herein by reference in its entirety.

COPYRIGHT

A portion of the disclosure of this patent document con-
tains material that is subject to copyright protection. The
copyright owner has no objection to the facsimile reproduc-
tion by anyone of the patent document or the patent disclo-
sure, as it appears in the Patent and Trademark Office patent
files or records, but otherwise reserves all copyright rights
whatsoever.

BACKGROUND

1. Field of the Disclosure

The present disclosure relates generally to artificial neuron
networks and more particularly in one exemplary aspect to
computerized apparatus and methods for encoding sensory
input using spiking neuron networks.

2. Description of Related Art

Artificial spiking neural networks are frequently used to
gain an understanding of biological neural networks, and for
solving artificial intelligence problems. These networks typi-
cally employ a pulse-coded mechanism, which encodes infor-
mation using timing of the pulses. Such pulses (also referred
to as “spikes” or ‘impulses’) are short-lasting discrete tem-
poral events, typically on the order of 1-2 milliseconds (ms).
Several exemplary embodiments of such encoding are
described in a commonly owned and co-pending U.S. patent
application Ser. No. 13/152,084 entitled “APPARATUS AND
METHODS FOR PULSE-CODE INVARIANT OBIJECT
RECOGNITION?, filed Jun. 2, 2011, and U.S. patent appli-
cation Ser. No. 13/152,119, filed Jun. 2, 2011, entitled “SEN-
SORY INPUT PROCESSING APPARATUS AND METH-
ODS”, each incorporated herein by reference in its entirety.

A typical artificial spiking neural network, may comprise a
plurality of units (or nodes), which may correspond to neu-
rons in a biological neural network. A given unit may be
connected to one (or more) other units via connections, also
referred to as communication channels, or synaptic connec-
tions. The units providing inputs to a given unit may be
referred to as the pre-synaptic units, while the unit receiving
the inputs may be referred to as the post-synaptic unit.

In some applications, a unit of the network may receive
inputs from multiple input synapses (up to 10,000). A neuron
dynamic process may be configured to adjust neuron param-
eters (e.g., excitability) based on, for example, a sum of inputs
I, received via unit’s input connections as:

-y (Eqn. 1)

As number of connections into a neuron increases, multiple
spiking inputs may overwhelm the neuron process and may
cause burst spiking, reduce neuron sensitivity to individual
inputs, and may require manipulation of connection param-
eters (e.g., by using hard and or soft weight limits) in order
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2

prevent network instabilities. Accordingly, methods and
apparatus are needed which, inter alia, overcome the afore-
mentioned disabilities.

SUMMARY

The present disclosure satisfies the foregoing needs by
providing, inter alia, apparatus and methods for processing
inputs to, e.g., a neuronal network.

In one aspect, a method of operating a node of network is
disclosed. In one embodiment, the method includes: scaling
individual inputs of a plurality of inputs received by the node
via a plurality of connections, the scaling using at least a
transformation to produce a plurality of scaled inputs; and
updating a state of the node based on at least a combination of
the scaled inputs, the updating configured to cause the node to
generate a response based on at least the updated state of the
node breaching a threshold.

In one implementation, individual ones of the plurality of
connections are characterized by efficacy configured to
advance or delay onset of the response generation; and an
efficacy of a given one of the plurality of connections is
configured to be adjusted based on at least a time interval
between time of the response onset and a time of input of the
plurality of inputs associated with the given connection.

In another implementation, the combination of the scaled
inputs is configured to produce the combined input charac-
terized by a first magnitude range; and the transformation is
configured to convert input values within the first magnitude
range into values within a second magnitude range, the sec-
ond range comprising a prescribed upper end.

In yet another implementation, the transformation com-
prises a concave function ofthe input such as e.g., one or more
of'a logarithm and a power law characterized by an exponent
value smaller than one.

Ina further implementation, the input comprises first value,
and second value configured such that is larger than the first
value; and the transformation comprises a concave function
of'the input, the function configured to increase the first value
to produce a third value, and to decrease the second value to
produce a fourth value.

In another aspect of the disclosure, a computerized appa-
ratus is disclosed. In one embodiment, the apparatus is con-
figured to convert multiple signals into a latency of a spike,
and includes: first logic configured to combine individual
ones of the multiple signals into a combined signal; second
logic in communication with the first logic and configured to
transform the combined signal using at least a concave trans-
formation to produce a transformed signal; and third logic in
communication with the second logic configured to generate
the spike based on at least the transformed signal.

In one implementation, the latency is configured based at
least on a function of the transformed signal.

In another implementation, the function is configured to
produce first and second latency values based on first and
second values of the transformed signal, respectively; and a
first ratio of the first latency value to the second latency value
is greater than a second ratio of the first value of the trans-
formed signal to the second value of the transformed signal.

In another aspect, a computerized neuron network is dis-
closed. In one embodiment, the network includes: at least one
neuron configured to receive a plurality of inputs via a plu-
rality of connections; and logic in communication with the at
least one neuron and configured to transform the plurality of
inputs to produce a scaled input in accordance with a rule.

In one implementation, the logic is configured to imple-
ment the rule comprising: based on the input being within a
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range, the scaled input being set equal to the input; and based
on the input being outside the range, configure the scaled
input based on at least a nonlinear concave transformation of
the plurality of inputs.

These and other objects, features, and characteristics of the
system and/or method disclosed herein, as well as the meth-
ods of operation and functions of the related elements of
structure and the combination of parts and economies of
manufacture, will become more apparent upon consideration
of the following description and the appended claims with
reference to the accompanying drawings, all of which form a
part of this specification, wherein like reference numerals
designate corresponding parts in the various figures. [tis to be
expressly understood, however, that the drawings are for the
purpose of illustration and description only and are not
intended as a definition of the limits of the invention. As used
in the specification and in the claims, the singular form of “a”,
“an”, and “the” include plural referents unless the context
clearly dictates otherwise.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1is a graphical illustration of a network comprising a
unit with multiple input connections, according to one or
more implementations.

FIG. 2 is a plot depicting input-output relationship of neu-
ron input transformer, according to one or more implemen-
tations.

FIG. 3A is a plot depicting raw input into neuron, accord-
ing to one or more implementations.

FIG. 3B is a plot depicting transformed input of FIG. 3A
using input transformer of FIG. 2, according to one or more
implementations.

FIG. 4 is a plot depicting latency as a function of input
magnitude, in accordance with one implementation of the
disclosure.

FIG. 5A is a graphical illustration of a sensory stimulus
configured to cause similar input into network of FIG. 5B,
according to one or more implementations.

FIG. 5B is a graphical illustration of a network comprising
unit inhibition that is configured based on input scaling,
according to one or more implementations.

FIG. 6 is a logical flow diagram illustrating a method of
response generation by a neuron based on accumulation of
multiple compressed of inputs from individual synapses, in
accordance with one or more implementations.

FIG. 7 is a logical flow diagram illustrating a method of
response generation by a neuron based on compression of
accumulated inputs from multiple synapses, in accordance
with one or more implementations.

FIG. 8 is a logical flow diagram illustrating sensory input
encoding by a spiking neuron network characterized by an
expanded dynamic range of the input, in accordance with one
implementation of the disclosure.

FIG. 9 is a block diagram illustrating a computerized sys-
tem for distributing application packages, in accordance with
one or more implementations.

All Figures disclosed herein are © Copyright 2013 Brain
Corporation. All rights reserved.

DETAILED DESCRIPTION

Implementations of the present disclosure will now be
described in detail with reference to the drawings, which are
provided as illustrative examples so as to enable those skilled
in the art to practice the invention. Notably, the figures and
examples below are not meant to limit the scope of the present
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invention to a single implementation, but other implementa-
tions are possible by way of interchange of or combination
with some or all of the described or illustrated elements.
Wherever convenient, the same reference numbers will be
used throughout the drawings to refer to same or like parts.

Although the system(s) and/or method(s) of this disclosure
have been described in detail for the purpose of illustration
based on what is currently considered to be the most practical
and preferred implementations, it is to be understood that
such detail is solely for that purpose and that the disclosure is
not limited to the disclosed implementations, but, on the
contrary, is intended to cover modifications and equivalent
arrangements that are within the spirit and scope of the
appended claims. For example, it is to be understood that the
present disclosure contemplates that, to the extent possible,
one or more features of any implementation can be combined
with one or more features of any other implementation

In the present disclosure, an implementation showing a
singular component should not be considered limiting; rather,
the disclosure is intended to encompass other implementa-
tions including a plurality of the same component, and vice-
versa, unless explicitly stated otherwise herein.

Further, the present disclosure encompasses present and
future known equivalents to the components referred to
herein by way of illustration.

Asused herein, the term “bus” is meant generally to denote
all types of interconnection or communication architecture
that is used to access the synaptic and neuron memory. The
“bus” could be optical, wireless, infrared or another type of
communication medium. The exact topology of the bus could
be for example standard “bus”, hierarchical bus, network-on-
chip, address-event-representation (AER) connection, or
other type of communication topology used for accessing,
e.g., different memories in pulse-based system.

As used herein, the terms “computer”, “computing
device”, and “computerized device”, include, but are not lim-
ited to, personal computers (PCs) and minicomputers,
whether desktop, laptop, or otherwise, mainframe computers,
workstations, servers, personal digital assistants (PDAs),
handheld computers, embedded computers, programmable
logic device, personal communicators, tablet or “phablet”
computers, portable navigation aids, J2ME equipped devices,
cellular telephones, smart phones, personal integrated com-
munication or entertainment devices, or literally any other
device capable of executing a set of instructions and process-
ing an incoming data signal.

As used herein, the term “computer program” or “soft-
ware” is meant to include any sequence or human or machine
cognizable steps which perform a function. Such program
may be rendered in virtually any programming language or
environment including, for example, C/C++, C#, Fortran,
COBOL, MATLAB™, PASCAL, Python, assembly lan-
guage, markup languages (e.g., HTML, SGML, XML,
VoXML), and the like, as well as object-oriented environ-
ments such as the Common Object Request Broker Architec-
ture (CORBA), Java™ (including J2ME, Java Beans), Binary
Runtime Environment (e.g., BREW), and other languages.

As used herein, the terms “connection”, “link”, “synaptic
channel”, “transmission channel”, “delay line”, are meant
generally to denote a causal link between any two or more
entities (whether physical or logical/virtual), which enables
information exchange between the entities.

As used herein, the term “memory” includes any type of
integrated circuit or other storage device adapted for storing
digital data including, without limitation, ROM. PROM,
EEPROM, DRAM, Mobile DRAM, SDRAM, DDR/2
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SDRAM, EDO/FPMS, RLDRAM, SRAM, “flash” memory
(e.g., NAND/NOR), memristor memory, and PSRAM.

As used herein, the terms “processor”, “microprocessor”
and “digital processor” are meant generally to include all
types of digital processing devices including, without limita-
tion, digital signal processors (DSPs), reduced instruction set
computers (RISC), general-purpose (CISC) processors,
microprocessors, gate arrays (e.g., field programmable gate
arrays (FPGAs)), PLDs, reconfigurable computer fabrics
(RCFs), array processors, secure microprocessors, and appli-
cation-specific integrated circuits (ASICs). Such digital pro-
cessors may be contained on a single unitary IC die, or dis-
tributed across multiple components.

As used herein, the term “network interface” refers to any
signal, data, or software interface with a component, network
or process including, without limitation, those of the FireWire
(e.g., FW400, FW800, etc.), USB (e.g., USB2), Ethernet
(e.g., 10/100, 10/100/1000 (Gigabit Ethernet), 10-Gig-E,
etc.), MoCA, Coaxsys (e.g., TVnet™), radio frequency tuner
(e.g., in-band or OOB, cable modem, etc.), Wi-Fi (802.11),
WIiMAX (802.16), PAN (e.g., 802.15), cellular (e.g., 3G,
LTE/LTE-A/TD-LTE, GSM, etc.) or IrDA families.

As used herein, the terms “pulse”, “spike”, “burst of
spikes”, and “pulse train” are meant generally to refer to,
without limitation, any type of a pulsed signal, e.g., a rapid
change in some characteristic of a signal, e.g., amplitude,
intensity, phase or frequency, from a baseline value to a higher
orlower value, followed by a rapid return to the baseline value
and may refer to any of a single spike, a burst of spikes, an
electronic pulse, a pulse in voltage, a pulse in electrical cur-
rent, a software representation of a pulse and/or burst of
pulses, a software message representing a discrete pulsed
event, and any other pulse or pulse type associated with a
discrete information transmission system or mechanism.

As used herein, the term “receptive field” is used to
describe sets of weighted inputs from filtered input elements,
where the weights may be adjusted.

As used herein, the term “Wi-Fi” refers to, without limita-
tion, any of the variants of IEEE-Std. 802.11 or related stan-
dards including 802.11 a/b/g/n/s/v and 802.11-2012.

As used herein, the term “wireless” means any wireless
signal, data, communication, or other interface including
without limitation Wi-Fi, Bluetooth, 3G (3GPP/3GPP2),
HSDPA/HSUPA, TDMA, CDMA (e.g., IS-95A, WCDMA,
etc.), FHSS, DSSS, GSM, PAN/802.15, WiMAX (802.16),
802.20, narrowband/FDMA, OFDM, PCS/DCS, LTE/LTE-
A/TD-LTE, analog cellular, CDPD, RFID or NFC (e.g., EPC
Global Gen. 2, ISO 14443, ISO 18000-3), satellite systems,
millimeter wave or microwave systems, acoustic, and infra-
red (e.g., [rDA).

The present disclosure provides, in one salient aspect,
apparatus and methods for implementing mechanism for pro-
cessing of excitatory stimulus by a node of computerized
neuron network. The stimulus may be based on sensory input
may comprise, for example, an audio signal, a stream of video
frames, and/or other input. In some implementations, such as
described with respect to FIG. 10 below) the sensory input
may comprise image frames received from an image sensor
(such as a charge-coupled device (CCD), CMOS device, and/
or an active-pixel sensor (APS), photodiode arrays, etc.). In
one or more implementations, the input may comprise a pixel
stream downloaded from a file, such as a stream of two-
dimensional matrices of red green blue RGB values (e.g.,
refreshed at a 25 Hz or other suitable frame rate). It will be
appreciated by those skilled in the art when given this disclo-
sure that the above-referenced image parameters are merely
exemplary, and many other image representations (e.g., bit-
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map, luminance-chrominance (YUV, YCbCr), cyan-ma-
genta-yellow and key (CMYK), grayscale, etc.) are equally
applicable to and useful with the various aspects of the
present disclosure. Furthermore, data frames corresponding
to other (non-visual) signal modalities such as sonograms, IR,
radar or tomography images are equally compatible with the
processing methodology of the disclosure, or yet other con-
figurations.

Referring now to FIG. 1, one implementation of a network
comprising a unit configured to receive multiple inputs is
shown and described. The network 100 may comprise neuron
110 coupled to multiple connections (e.g., 102, 104). Indi-
vidual connections may be characterized by connection effi-
cacy, denoted by circle 106. Connection efficacy, which in
general may refer to a magnitude and/or probability of input
spike influence on neuronal response (i.e., output spike gen-
eration or firing), and may comprise, for example a param-
eter—synaptic weight—by which one or more state variables
of post synaptic unit are changed). During operation of the
pulse-code network), synaptic weights may be dynamically
adjusted using what is referred to as the spike-timing depen-
dent plasticity (STDP) in order to implement, among other
things, network learning. In one or more implementations, the
STDP mechanism may comprise a rate-modulated plasticity
mechanism such as for example that described in U.S. patent
application Ser. No. 13/774,934, entitled “APPARATUS
AND METHODS FOR RATE-MODULATED PLASTIC-
ITY IN A SPIKING NEURON NETWORK”, and/or
bi-modal plasticity mechanism, for example, such as
described in U.S. patent application Ser. No. 13/763,005,
entitled “SPIKING NETWORK APPARATUS AND
METHOD WITH BIMODAL SPIKE-TIMING DEPEN-
DENT PLASTICITY™, each of the foregoing being incorpo-
rated herein by reference in its entirety.

Various neuron dynamic processes may be utilized with the
methodology of the present disclosure including for example,
integrate-and-fire (IF), Izhikevich simple model, spike
response process (SRP), stochastic process such as, for
example, described in U.S. patent application Ser. No.
13/487,533, entitled “SYSTEMS AND APPARATUS FOR
IMPLEMENTING TASK-SPECIFIC LEARNING USING
SPIKING NEURONS”, filed Jun. 4, 2012, incorporated
herein by reference in its entirety. In some implementations,
the network may comprise heterogeneous neuron population
comprising neurons of two or more types governed by their
respective processes.

The unit 110 may receive inputs from thousands of con-
nections (up to 10,000 in some implementations). Dynamic
process of the unit 110 may be configured to adjust process
parameters (e.g., excitability) based on magnitude of received
inputs. Unit process may be updated at time intervals. In some
implementations, the process update may be effectuated on a
periodic basis at At=1 ms intervals. For a given update at time
t, inputs S, received by the unit 110 via i-th connection (e.g.,
element 104 in FIG. 1) within time interval At since preceding
update (at time t—-At) may be expressed as:

L={Se-An)}5 0w (0)

where w () denotes efficacy associated with j-th connection
at spike time.

Input of Eqn. 2 may contribute to adjustment of unit excit-
ability at time t as described below with respect to Eqn. 10
through Eqn. 16. It may be desirable to configure process of
neuron 110 to operate in a near sub-threshold regime, wherein
inputs from any two connections (e.g., 104, 102 in FIG. 1)
may cause neuron response (e.g., generate spike output). In
some implementations such sub-threshold operation may be

(Eqn. 2)



US 9,239,985 B2

7

configured to enhance sensitivity to lower amplitude inputs,
compared to the prior art. The sensitivity enhancement may
be effectuated based on, in one implementation, the exem-
plary nonlinear input summation methodology described in
detail below.

The methodology may comprise transforming the input
using anonlinear concave function, e.g., expressed for a given
X, v in the interval, as:

Ae+(1-0)y)=tfix)+(1-0)y).

where t may be selected from an interval [0,1].

FIG. 2 illustrates various exemplary implementations, of
concave nonlinear transform functions that may be utilized in
order to scale input into neuron. Curves 204, 206 depict
logarithmic and square root scaling; curve 202 depicts a scal-
ing function that may be expressed in some implementations
as:

(Eqn. 3)

a2 (Eqn. 4)
fth)=al+ Bl
al =1,
a2=-1,
a3=0.1.

It is noteworthy that scaling of Eqn. 4 is configured to
transfer input of wide (e.g., unknown magnitude) into output
characterized by a known fixed range (e.g., from O to 1 in FIG.
2).

FIGS. 3A-3B illustrate input scaling using the exemplary
formulation of Eqn. 4. Curves 302, 304,306 in FIG. 3A depict
the magnitude of original input (associated with three indi-
vidual connections) into a neuron as a function of time.
Curves 312, 314, 316 in FIG. 3B depict the magnitude of
scaled input (corresponding to the curves 302, 304, 306 of
FIG. A, respectively).

In some implementations, at iteration time t, the cumula-
tive input into a neuron may be determined as a linear com-
bination of scaled inputs from one or more connections into
the neuron, as follows:

LO=FI(-A+2AL)) (Eqn. 5)

Various concave transformations may be utilized with Eqn.
5 including, for example, Eqn. 4, curves 202,204 206 of FIG.
2 and/or other dependencies. In one or more implementa-
tions, the transformation may be characterized as follows:

Aa)yeflb)>fa+b).a,beR (Eqn. 6)

Aa)yeflby<fla+b).a,beR (Eqn. 7)

A concave transformation (e.g., according to Eqn. 3 and/or
Eqn. 6, Eqn. 6) may produce transformed output configured
such that a sum of given transformed values a,b, is smaller
than transform of a sum of the values wherein the values a,b
belong to a range R1. In some implementations, (e.g., of a
square root and/or logarithm) the range R1 may comprise the
range from 1 to infinity. A concave transformation may pro-
duce transformed output configured such that a sum of given
transformed values a,b, is greater than transform of a sum of
the values wherein the values a,b belong to a range R2. In
some implementations, (e.g., of a square root and/or loga-
rithm) the range R2 may comprise the range from zero to 1.
Such properties (e.g., Eqn. 6) may produce transformed com-
bined input that is smaller in magnitude than the combined
input thereby reducing input into a neuron.
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In some implementations, wherein input comprises large
magnitude signal (e.g., greater than 1), the input transforma-
tion may be configured in accordance with one of comprise
one of Eqn. 6-Eqn. 6 dependencies, e.g., Eqn. 6. Range of
inputs for one such realization is denoted by the arrow 212 in
FIG. 2.

In some implementations, wherein input comprises small
magnitude signal (e.g., less than 1), the input transformation
may be configured in accordance with Eqn. 6 dependency.
Range of inputs for such realization is denoted by the arrow
214 in FIG. 2. Transformations performed in accordance with
one or Eqn. 6 and/or Eqn. 6 may be referred to as the one-
sided transformations.

Neuron dynamic parameters (e.g., membrane potential)
may be updated using, for example, the following update
process:

VO~F((t=AD, L1 (1) (Eqn. 8)

where At is iteration time step, and the function F( ) describes
neuron process dynamics. Cumulative input of Eqn. 5 may be
adjusted using for example the following decay formulation:

I(t+At)=0l () (Eqn. 9)

where the parameter . may be selected from the range
between e.g., 0 and 0.9999 in some implementations.

In one or more implementations, the cumulative input into
neuron process may be determined based on a linear combi-
nation of all inputs from one or more connections into the
neuron:

I=Te-Ao+20, (Eqgn. 10)

Neuron dynamic parameters (e.g., membrane potential)
may be updated based on transformed cumulative input (e.g.,
of Eqn. 10) as follows:

V(IO~FL(v(e-An) L fI(10))
where the function F1( ) denotes neuron dynamic process.
Various concave transformations may be utilized with Eqn.
11Eqn. 11 including, for example, Eqn. 4, curves 202, 204
206 of FIG. 2 and/or other dependencies. The cumulative
input of Eqn. 10 may be adjusted, in order to discount older
observations, using the following decay formulation:

(Eqn. 11)

Ta+AP=I(0) (Eqn. 12)

where the parameter Y may be selected from the range
between e.g., 0 and 0.9999 in some implementations.

In one or more implementations, the cumulative input into
the neuron process at time t may be determined based on e.g.,
a scaled combination of previously scaled combined inputs at
time t—-At, and combined inputs from one or more connections
into the neuron at time t, represented as:

L O\ (-00)+T]

Various concave transformations may be utilized with Eqn.
13, such as, for example, described above with respect to Eqn.
5. Neuron dynamic parameters (e.g., membrane potential)
may be updated as follows:

(Eqn. 13)

VIOF20(-AD L1 (1)) (Eqn. 14)

where F3( ) describes neuron process dynamics. The cumu-
lative input of Eqn. 13 may be adjusted in order, for example,
to implement a “discount” of past observations, using the
following decay formulation:

I (t+A=BL, () (Eqn. 15)

where the parameter  may be selected from the range
between e.g., 0 and 0.9999 in some implementations. The
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transformation ofthe cumulative input T may be configured to
provide output in a given range (e.g., [0, 10] in one or more
implementations, as follows:

H _ a 7 (Eqn. 16)
T = f| —— - T -A
2= f| =~ latt=0)

where parameters a,b may be configured to determine output
range. By way of illustration, a parameter configuration of
a=10, b=9 may provide an output in the range from 0 to 10.

In some implementations configured to implement input
accumulation (e.g., history), the input transformation may be
configured based on current cumulative input I(t), and a pre-
vious scaled input T (t-At), expressed as:

L(O=U®1(-AD)

Decay of scaled input between iterations may be described,
for example, as:

(Eqn. 17)

L(t+AD=G(I(2)), (Eqn. 18)

where the function G( ) may comprise a multiplicative scaling
by a constant (e.g., of Eqn. 15), and/or be described by a
dynamic process (e.g., differential equation).

Input transformation of the disclosure (e.g., according to
Eqn. 4, Eqn. 5, Eqn. 11, Eqn. 16 may be implemented using a
software library, a software component, (e.g., a plug-into an
existing neuron network realization), a hardware compressor
(e.g., implemented in an integrated circuit such as an FPGA,
an ASIC, and/or other), and/or using other realizations,
including combinations of the foregoing.

In one or more implementations configured to enable plug-
in functionality, the input transformation may be configured
s0 as to preserve (e.g., pass through) input of a certain mag-
nitude (e.g., 1) and/or magnitude range (e.g., between 1, and
1,2 as follows:

S

Unity gain of the realization of Eqn. 19 may be employed
in order to enable compatibility of the input scaling method-
ology with existing neuron network implementations. In
some implementations, the input scaling may be imple-
mented into a portion of neurons, e.g., that may be receiving
inputs from many (e.g., more than 1000) connections. The
remaining neurons of the network may be configured to oper-
ate without input scaling.

In some implementations, the input scaling methodology
described herein (e.g., with respect to Eqn. 3-Eqn. 19) may be
effectuated using a look-up table (LUT) or other comparable
data structure. In one such realization, the LUT utilization
may comprise one or more logical operations configured to
determine whether the input is within the scaling range (e.g.,
greaterorequal I, orsmallerthanl ) or within the bypass
range (e.g., smaller than 1, and greater or equal L,,,,,).

The input scaling methodology described herein (e.g., with
respectto Eqn. 4-Eqn. 19) may provide confined variations of
input(s) into a neuron into a given range, enable more stable
implementations of computerized neuron dynamic processes
(e.g., characterized by faster convergence and/or reduced out-
put variations), while still maintaining near sub-threshold
regime of neuron operation (e.g., wherein inputs from any
two connections (e.g., 104, 102 in FIG. 1) may cause neuron
response).

It may be desired to utilize spiking neuron networks in
order to encode sensory input into spike latency, such as for
example as described in U.S. patent application Ser. No.

(Eqn. 19)
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12/869,583, filed Aug. 26, 2010 and entitled “INVARIANT
PULSE LATENCY CODING SYSTEMS AND METH-
ODS”; U.S. Pat. No. 8,315,305, issued Nov. 20, 2012, entitled
“SYSTEMS AND METHODS FOR INVARIANT PULSE
LATENCY CODING™; U.S. patent application Ser. No.
13/152,084, filed Jun. 2, 2011, entitled “APPARATUS AND
METHODS FOR PULSE-CODE INVARIANT OBIECT
RECOGNITION”; and/or latency encoding comprising a
temporal winner take all mechanism described U.S. patent
application Ser. No. 13/757,607, filed Feb. 1, 2013 and
entitled “TEMPORAL WINNER TAKES ALL SPIKING
NEURON NETWORK SENSORY PROCESSING APPA-
RATUS AND METHODS”, each of the foregoing being
incorporated herein by reference in its entirety.

In some implementations, latency encoding may be
employed for object recognition and/or classification may be
implemented using spiking neuron classifier comprising con-
ditionally independent subsets, such as e.g., that described in
co-owned U.S. patent application Ser. No. 13/756,372 filed
Jan. 31, 2013, and entitled “SPIKING NEURON CLASSI-
FIER APPARATUS AND METHODS” and/or co-owned
U.S. patent application Ser. No. 13/756,382 filed Jan. 31,
2013, and entitled “REDUCED LATENCY SPIKING NEU-
RON CLASSIFIER APPARATUS AND METHODS”, each
of the foregoing being incorporated herein by reference in its
entirety.

In some implementations, latency encoding may be
employed for object recognition and/or classification may be
implemented using spiking neuron classifier comprising con-
ditionally independent subsets, such as e.g., that described in
co-owned U.S. patent application Ser. No. 13/756,372 filed
Jan. 31, 2013, and entitled “SPIKING NEURON CLASSI-
FIER APPARATUS AND METHODS USING CONDI-
TIONALLY INDEPENDENT SUBSETS” and/or co-owned
U.S. patent application Ser. No. 13/756,382 filed Jan. 31,
2013, and entitled “REDUCED LATENCY SPIKING NEU-
RON CLASSIFIER APPARATUS AND METHODS”, each
of the foregoing being incorporated herein by reference in its
entirety.

In one or more implementations, encoding may be effec-
tuated by a network comprising a plasticity mechanism such
as, for example, the mechanisms described in U.S. patent
application Ser. No. 13/465,924, entitled “SPIKING NEU-
RAL NETWORK FEEDBACK APPARATUS AND METH-
ODS”, filed May 7, 2012, co-pending and co-owned U.S.
patent application Ser. No. 13/488,106, entitled “SPIKING
NEURON NETWORK APPARATUS AND METHODS”,
filed Jun. 4, 2012, U.S. patent application Ser. No. 13/541,
531, entitled “CONDITIONAL PLASTICITY SPIKING
NEURON NETWORK APPARATUS AND METHODS”,
filed Jul. 3,2012, U.S. patent application Ser. No. 13/548,071,
entitled “SPIKING NEURON NETWORK SENSORY PRO-
CESSING APPARATUS AND METHODS”, filed Jul. 12,
2012, U.S. patent application Ser. No. 13/660,967, entitled
“APPARATUS AND METHODS FOR ACTIVITY-BASED
PLASTICITY IN A SPIKING NEURON NETWORK?”, filed
Oct. 25, 2012, U.S. patent application Ser. No. 13/691,554,
entitled “RATE STABILIZATION THROUGH PLASTIC-
ITY IN SPIKING NEURON NETWORK?™, filed Nov. 30,
2012, each of the foregoing incorporated by reference herein
in its entirety.

In some implementations, the input transformation meth-
odology of the disclosure may be employed to extend the
useful range of signal latency encoding, as described in detail
with respect to the exemplary embodiment of FIG. 4 below.

Curves 402, 404 of FIG. 4 depict latency output as a func-
tion of input into an encoder obtained using a latency encoder
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of the prior art, and a latency encoder configured based on
input signal scaling of the present disclosure, respectively.
Rectangle 410 in FIG. 4 denotes the useful range of the prior
art encoder operation. In some implementations, the useful
range may (in general) be determined based on two individual
inputs with different magnitudes (e.g., [1=7,12=9, denoted by
squares and triangles, respectively, in FIG. 4), thereby caus-
ing generation of two latency outputs that are discernible
from one another. Discrimination margins for input and
latency differentiation may be configured based on the par-
ticular application. In some implementations, inputs whose
magnitudes differ by at least one unit may be referred to as
“different”; latency whose magnitude may differ by at least
more than 0.1 may be referred to as “different”.

As may be seen from FIG. 4, encoding of the prior art
(shown by the open square 418 and the open triangle 420)
encode two substantially different inputs (magnitude 7 and 9)
into latency values that are close in magnitude to one another
(e.g., within 0.03). Contrast this outcome with the data
obtained using input scaling of the disclosure (curve 400)
which is capable of encoding the same two inputs (solid
rectangle 414 and solid triangle 416) into latency values that
are clearly distinct from one another (e.g., by 0.6). Transfor-
mation of the input (e.g., using methodology of Eqn. 16)
shown in FIG. 4 advantageously enables extension of useful
encoding range (shown by rectangle 412) of input, in this
example by the amount depicted by the arrow 406.

In some applications, for example such as illustrated and
described with respect to FIG. 5A, multiple nodes of a sen-
sory processing network may receive inputs that may be close
to one another in magnitude. By way of illustration and as
shown in FIG. 5A, sensory input may comprise e.g., a repre-
sentation of a bar 530 oriented at 10°. In one or more imple-
mentations, the sensory input may comprise for instance an
output of an imaging CCD or CMOS/APS array of sensing
apparatus. The visual input may comprise digitized frame
pixel values (RGB, CMYK, grayscale) refreshed at a suitable
rate. Individual frames may comprise representations of an
object that may be moving across field of view. In one or more
implementations, the sensory input may comprise other sen-
sory modalities, such as somatosensory and/or olfactory, or
yet other types of inputs (e.g., radio frequency waves, ultra-
sonic waves), as will be recognized by those of ordinary skill
given the present disclosure.

The input 530 may be provided to a plurality of neurons
configured to respond to bars of various orientations. Two
neurons (e.g., 534, 532) may be configured for example to
respond to a vertically oriented bar and bar oriented at 20°,
respectively. The resultant stimulus into neurons 532, 534
may be determined based on a intersection of the bar repre-
sentation 530 and the respective receptive field (e.g., 536,
538). In some implementations, the intersection may com-
prise a product of input pixels within the bar 530 and the
receptive field; the resultant stimulus may be determined as
e.g., a weighted average of pixels within the intersect area,
e.g., shown by the black shapes 540, 542, respectively. The
capability to encode similar stimuli into distinct latency val-
ues (that are separated from one another by wider margin as
compared to the prior art) may improve the operation of
neuron network encoders configured to process sensory sig-
nals comprising stimuli of close magnitudes (e.g., 540, 542).

It is noteworthy that both of the inputs 506, 508 may be
configured at a comparatively large amplitude (e.g., in the top
50% percentile) in order to cause a response due to presence
of a single, well-defined feature. Accordingly, simple linear
input compression (e.g., lowering of the input strengths) of
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the prior art may be insufficient for causing the inhibition
configuration illustrated and described with respect to FIGS.
5A-5B.

FIG. 5B illustrates network 500 comprising neurons 502,
504 configured to receive inputs 506, 508. In order to enable
competition, the neurons 502, 504 may be coupled to one
another via inhibitory connections 516, 518. In or more
implementations, the inputs 506, 508 may comprise output of
detector network layer configured to detect one or more fea-
tures (e.g., an edge) and/or objects. By way of illustration,
input 508 may comprise magnitude of 7, while input 506 may
comprise magnitude of 7.7. In accordance with encoding
implementation comprising input scaling and shown by the
curve 400 in FIG. 4, stronger input 508 may cause an earlier
response by the neuron 504, compared to the response by the
neuron 502 responsive to the input 506. The timing difference
(e.g., of 0.23 for the encoding of curve 406) between the
responses of two neurons may enable the neuron 504 to
provide an inhibitory signal via the connection 516 to the
neuron 502 configured with sufficient latency margin. In one
or more implementations, the latency margin between the
occurrence of the input 506, 508 and occurrence of the inhi-
bition signal 516, 516, respectively may be selected from the
range between 1 ms and 10 ms, although it will be readily
appreciated that other values may be used as well consistent
with the disclosure.

Inhibitory signal of sufficient efficacy provided by the neu-
ron 504 via the connection 516 may delay, and/or altogether
prevent generation of response by the neuron 502. Any appli-
cable inhibition mechanisms may be utilized, such as for
example the mechanisms described in U.S. patent application
Ser. No. 13/548,071, entitled “SPIKING NEURON NET-
WORK SENSORY PROCESSING APPARATUS AND
METHODS?”, filed Jul. 12, 2012, and/or U.S. patent applica-
tion Ser. No. 13/710,042, entitled “CONTRAST
ENHANCEMENT SPIKING NEURON NETWORK SEN-
SORY PROCESSING APPARATUS AND METHODS”,
filed Dec. 10, 2012, each of the foregoing being incorporated
herein by reference in its entirety. Inhibition of the neuron 502
by the neuron 504 (and/or vice versa). Inhibition of one of the
neurons 502, 504 may advantageously enable a single neuron
(of neurons 502, 504) to responds to a given feature, and/or
prevent synchronous response by many neurons to the same
feature thereby increasing input differentiation. It is notewor-
thy that the network configuration of the prior art (e.g., with-
out input scaling) may cause near-simultaneous responses by
both neurons 502, 504, thereby not providing or allowing for
the ability to discriminate between receptive fields 536, 538.

FIGS. 6-8 illustrate exemplary methods of using the non-
linear input summation mechanism(s) described herein for
operating neuron networks. The operation of the exemplary
methods 600, 700, 800 presented below are intended to be
merely illustrative, and in no way limiting on the broader
principles of the disclosure. In some implementations, meth-
ods 600, 700, 800 may be accomplished with one or more
additional operations not described, and/or without one or
more of the operations discussed. Additionally, the order in
which the operations of methods 600, 700, 800 (or individual
steps or sub-steps therein) are illustrated in FIGS. 6-8 and
described below is not intended to be limiting.

In some implementations, the methods 600, 700, 800 may
be implemented in one or more processing devices (e.g., a
digital processor, an analog processor, a digital circuit
designed to process information, an analog circuit designed to
process information, a state machine, and/or other mecha-
nisms for electronically processing information). The one or
more processing devices may include one or more devices
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executing some or all of the operations of methods 600, 700,
800 in response to instructions stored electronically on an
electronic storage medium. The one or more processing
devices may include one or more devices configured through
hardware, firmware, and/or software to be specifically
designed for execution of one or more of the operations of the
methods 600, 700, 800.

At operation 602 of the method 600, illustrated in FIG. 6,
an input may be received from a given connection of a unit
(e.g., the connection 104 ofunit 110 in FIG. 1). In one or more
implementations, the input may comprise e.g., one or more
spikes configured based on presence of an object.

At operation 604 the input for the given connection may be
transformed. In one or more implementations, the input trans-
formations may be based on a non-linear concave scaling
function, such as, for example, that described with respect to
FIG. 2 and/or Eqn. 4.

At operation 606, the transformed input(s) of multiple
connections into the unit may be combined. In one or more
implementations, the input combination may comprise e.g., a
weighted sum.

Atoperation 608, the unit dynamic process may be updated
based on the accumulated transformed input obtained at
operation 606. In some implementations, the neuron update
may be effectuated using, for example, Eqn. 8.

At operation 610, a determination may be made as to
whether response is to be generated by the neuron based on
the updated excitability. In one or more implementations, the
response generation may be based on e.g., the membrane
potential of the neuron process breaching a firing threshold.

Atoperation 612, latency of aresponse may be determined.
Insome implementations, the latency determination of opera-
tion 612 may be characterized by an expanded dynamic range
of the input, e.g., such as that shown in FIG. 4.

FIG. 7 illustrates an exemplary method of response gen-
eration by a neuron based on transformation of accumulated
inputs from multiple synapses, in accordance with one or
more implementations.

At operation 722 of method 700, illustrated in FIG. 7, an
input into a unit of a network may be accumulated. In some
implementations, input accumulation may be based ona com-
bination of inputs be received by the unit via multiple con-
nections (e.g., the connection 104 of unit 110 in FIG. 1). The
combination may comprise for instance a weighted sum. In
one or more implementations, the input may comprise one or
more spikes configured based on, e.g., presence of an object
(e.g., the bar 530 in FIG. 5A).

At operation 724, the accumulated input may be trans-
formed. In one or more implementations, the input transfor-
mation may be based on a non-linear concave function, such
as, for example, that described with respect to FIG. 2 and/or
Eqn. 4.

At operation 726, a unit dynamic process may be updated
based on the accumulated transformed input obtained at
operation 726. In some implementations, the neuron update
may be effectuated using, for example, Eqn. 8.

At operation 728, a determination may be made as to
whether response is to be generated by the neuron based on
the updated excitability. In one or more implementations, the
response generation may be based on the membrane potential
of the neuron process breaching a firing threshold.

At operation 730, a latency of a response may be deter-
mined. In some implementations, the latency determination
of operation 730 may be characterized by an expanded
dynamic range of the input, e.g., such as shown in FIG. 4.

FIG. 8 illustrates an exemplary increased sensitivity
method for encoding a magnitude of a sensory input to a
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neuron into latency, such as for use in a signal processing
spiking neuron network processing sensory input, in accor-
dance with one implementation of the disclosure.

At operation 802 of method 800 of FIG. 8, a network may
be operated. The network may comprise one or more neurons
operable in accordance with neuron process. The neuron pro-
cess may be codified to encode sensory input. In one or more
implementations, the sensory input may comprise visual
input, such as for example, ambient light received by a lens in
avisual capturing device (e.g., telescope, motion or still cam-
era, microscope, portable video recording device, smart-
phone, security camera, IR sensor). In some cases, the visual
input encoded at operation 602 may comprise for instance an
output of an imaging CCD or CMOS/APS array of sensing
device. For example, processing apparatus used with method
700 may be configured for the processing of digitized images
(e.g., portable video recording and communications device).
The visual input of step 602 may comprise digitized frame
pixel values (RGB, CMYK, grayscale) refreshed at a suitable
rate. Individual frames may comprise representations of an
object that may be moving across field of view of the sensor.
In some applications, such as, an artificial retinal prosthetic,
the input of operation 602 may be a visual input, and the
encoder may comprise for example one or more diffusively
coupled photoreceptive layer as described in U.S. patent
application Ser. No. 13/540,429, entitled “SENSORY PRO-
CESSING APPARATUS AND METHODS”, incorporated
supra. In one or more implementations, the sensory input of
operation 602 may comprise other sensory modalities, such
as somatosensory and/or olfactory, or yet other types of inputs
(e.g., radio frequency waves, ultrasonic waves) as will be
recognized by those of ordinary skill given the present dis-
closure.

Input encoding of operation 802 may be performed using
any of applicable methodologies described herein, or yet
others which will be recognized by those of ordinary skill
given the present disclosure. In some implementations, the
encoding may comprise the latency encoding mechanism
described in co-owned and co-pending U.S. patent applica-
tion Ser. No. 12/869,583, entitled “INVARIANT PULSE
LATENCY CODING SYSTEMS AND METHODS”, filed
Aug. 26, 2010, incorporated supra. In one or more implemen-
tations, representations of the object (views) may be encoded
into spike patterns.

In some implementations of visual input processing, such
as described in co-pending and co-owned U.S. patent appli-
cation Ser. No. 13/623,820, entitled “APPARATUS AND
METHODS FOR ENCODING OF SENSORY DATA
USING ARTIFICIAL SPIKING NEURONS”, filed Sep. 20,
2012, the detector neuron may generate a response indicative
of an object being present in sensory input.

At operation 804 of method 800 of FIG. 8, logic may be
provided. The logic may interface with a neuron. In some
realizations, the logic may be configured to implement trans-
formation of input into the neuron in accordance with, for
example, Eqn. 3-Eqn. 19.

At operation 806 of method 800 of FIG. 8 the neuron may
be operated using the neuron process and the input transfor-
mation by the logic. In one or more implementations, the
operation 806 may be configured based on methodology of
Eqn. 8, Eqn. 11 and/or other.

At operation 808 of method 800 of FIG. 8 latency of a
response generated by the neuron may be determined. The
latency may be configured in accordance with the input trans-
formation by the logic, e.g., as shown and described with
respect to FIG. 4. By employing the transformation of, e.g.,
Eqn. 6, encoding dynamic range may be expanded so as to
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enable encoder operation in a wider range of inputs providing
wider range of outputs (e.g., shown by the rectangle 412 in
FIG. 4)

Various aspects of the present disclosure may also advan-
tageously be applied to the design and operation of apparatus
configured to process sensory data.

In some implementations, where neurons of a network are
configured based on a finite difference approach, scaling
input(s) into a known range (e.g., using Eqn. 16) may reduce
potential network numerical instabilities, and/or enable the
network to process inputs of wider dynamic range, compared
to the prior art. Widening of the input dynamic range may be
of benefit when processing natural stimuli under varying
conditions (e.g., video input obtained in bright sunlight,
shade, and/or dusk, audio input due to thunder claps, sound of
jetengines, whispers, sounds of rustling leaves, and/or explo-
sives noise, and/or other inputs). Network configuration,
wherein the input magnitude may be limited to a given range,
may allow for an increased iteration time step, thereby reduc-
ing computational load associated with the network opera-
tion.

In some implementations, input transformation may
increase network sensitivity to sparse inputs and/or reduce
probability of pathological synchronized activity in the pres-
ence of multiple strong inputs. In particular, providing inputs
to a neuron that are configured within a given range may
enable use of faster fixed step integration methods of the
neuronal state, compared to providing of inputs in a varying
range. Use of the transformation methodology describe
herein may enable to obtain and/or utilize strong individual
synapses (e.g., synapses characterized by larger efficacy) as
compared to the prior art solutions. Stronger individual syn-
apses may elicit neuron response even for weaker inputs
(compared to the prior art) thus enabling the network to
respond to less frequent and/or weaker stimuli. Combining an
ability of the network to respond to both strong inputs (e.g.,
intensity values in the top 25 percentile) with the ability to
respond to weaker values (e.g., intensity values within the
lower 25” percentile) may enable processing of inputs in a
wider dynamic range without the need to tune the network.
Furthermore, ability to differentiate individual high-magni-
tude (e.g., top 257 percentile) inputs by individual neurons
employing input transformation, may enable selective
response to individual high-magnitude inputs with greater
latency discrimination, compared to the prior art.

The exemplary embodiments of the input transformation
approach of the disclosure may obviate the need for explicit
connection weight management (via, e.g., ad hoc or dynamic
thresholds) of the prior art, thereby advantageously simplify-
ing network operation and/or reducing computational load
associated with the network operation. Such computational
efficiencies may be leveraged for e.g., reducing energy use,
utilization of less costly, and/or simpler computational plat-
form for fulfilling a given task, as compared to the prior art.

In one or more implementations of latency input encoding/
input transformation described herein may enable encoding
of two or more inputs of similar magnitudes into latency
values that are separated by a wider margin compared to the
prior art. Such outcome may, inter alia, reduce (and/or alto-
gether prevent) synchronous response by multiple neurons of
the network to the same stimulus, thereby increasing recep-
tive field variability, and allowing to discriminate larger num-
ber of features in the input. In one or more implementations,
input scaling may extend operating range of the encoder
neuron, (e.g., illustrated in FIG. 4), compared to the prior art.

In one or more implementations, the transformation may
be configured (e.g., as shown by Eqn. 19) to pass through
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unchanged inputs of certain magnitude. Such realizations
may enable incorporation of the transformation functionality
into existing networks and/or existing neuron models such as
via, e.g., a plug-in. The plug-in functionality may be aided by
configuring the input transformation independent of the syn-
apse dynamic process.

In some implementations, input scaling may comprise
compression of the input dynamic range thereby enabling
neuron stable operation when receiving inputs from a large
number (1,000 to 10,000) of connections while at the same
time maintaining near-threshold operation configured to
respond to inputs from as few as two connections.

Exemplary embodiments of processes and architectures
for providing input scaling functionality are disclosed herein
as well. In one exemplary implementation, a web-based
repository of network plug-ins “images” (e.g., processor-
executable instructions configured to implement input trans-
formation and/or scaling in a neuron network) is introduced.
Developers may utilize e.g., a “cloud” web repository to
distribute the input transformation plug-ins. Users may
access the repository (such as under a subscription, per-ac-
cess, or other business model), and browse plug-ins created
by developers and/or other users much as one currently
browses online music download venues. Plug-in modules
may be also offered (e.g., for purchase, as an incentive, free
download, or other consideration model) via the repository in
an online “app” store model. Other related content such as
user-created media (e.g., a code and/or a description outlining
the input transformation methodology) may available
through the repository, and social forums and links.

FIG. 9 illustrates one exemplary realization of a comput-
erized system for distributing application packages (e.g.,
plug-ins). The system 900 may comprise a cloud server
depository 906. In FIG. 9, one or more remote user devices
904 may connect via a remote link 908 to the depository 906
in order to save, load, and/or update their neural network
configuration, and/or other content. Such content may
include without limitation, media related to the processing
data using neuron networks, collected sensor data, wiki
entries on training techniques/experiences, forum posts,
instructional videos, etc.), network state images, connectivity
maps, third-party/homebrew modifications, and/or other
media. Users may also form user groups to collaborate on
projects, or focus on specific topics, or even on the collective
formation of a brain image (somewhat akin to extant distrib-
uted gaming interaction). In some implementations, user may
also cross-link to groups and content on third-party social
media websites (e.g. Facebook®, Twitter®, etc.).

In one or more implementations, the link 908 may com-
prise a wired network (Ethernet, DOCSIS modem, T1, DSL),
wireless (e.g. Wi-Fi, Bluetooth, infrared, radio, cellular, mil-
limeter wave, satellite), or other link such as a serial link
(USB, FireWire, Thunderbolt, etc.). One or more computer-
ized devices 902 may communicate with the cloud server
depository 906 via link 912. The computerized devices may
correspond for instance to a developer’s computer apparatus
and/or systems. Developers may utilize the server 906 to store
their application packages. In some implementations, the
server 906 may enable a direct or indirect connection between
the developer 902 and user 904 device in order to install the
application package, troubleshoot user’s network operation,
an/or perform other actions. In one or more implementations,
links 912 and/or 908 may comprise an internet connection,
etc. effectuated via any of the applicable wired and/or wire-
less technologies (e.g., Ethernet, WiFi, LTE, CDMA, GSM,
etc).
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In some implementations, a virtual “storefront” may be
provided as a user interface to the cloud. From the storefront,
users may access purchasable content (e.g. plug-ins, source
code, technical description and/or firmware packages). Pur-
chasable content allows users to conveniently obtain quality
content to enhance their user experience; the quality may be
controlled under any number of different mechanisms, such
as e.g., peer review, user rating systems, functionality testing
before the image is uploadable or made accessible.

The cloud may act as an intermediary that may link plug-
ins with tasks, and users with plug-ins to facilitate use of
neuron networks for signal processing. For example, a user of
a network characterized by dense connectivity (e.g., neurons
with thousands of synapses) may have difficulty performing
certain task. A developer may have an application well suited
for the task, but he does not have access to individual net-
works/users. A cloud service may notify the user about the
relevant images suited to the task. In some implementations,
the users may request assistance with the task. In various
implementations, the cloud server may be configured to iden-
tify users using networks for specific tasks (via one or more
monitoring functions), and alert users that help may be avail-
able. The notification may be based on one or more param-
eters, including for example the hardware/software configu-
ration of the network, types of inputs, connectivity mapping,
geographical location (e.g. proximity of user to developer),
keywords, or other parameters.

A subscription model may also or alternatively be used. In
various implementations, a user may gain access to content
based on a periodic payment or other remuneration paid to the
administrator of the networked service, or their designated
proxy/agent. A hybrid model may also be used. In one such
variant, an initial/periodic subscription fee allows access to
general material, but premium content requires a specific
(additional) payment.

Other users that develop skill in training, or those that
develop popular brain images, may wish to monetize their
creations. The exemplary storefront implementation provides
a platform for such enterprise. Operators of storefronts may
desire to encourage such enterprise both for revenue genera-
tion, and/or for enhanced user experience. Thus, consistent
with the present disclosure, the storefront operator may insti-
tute competitions with prizes for the most popular/optimized
application packages, modifications, and/or media. Conse-
quently, users may be motivated to create higher quality con-
tent. Alternatively, the operator may also (in or in lieu of a
contest) instate a system of revenue and/or profit sharing for
purchasable content. Thus, hobbyists and casual developers
may see a reasonable return on their efforts. Such a system
may also attract professional developers. Users as a whole
may benefit from a wider array of content offerings from
more skilled developers. Further, such revenue or profit shar-
ing may be complemented or replaced with a system of inter-
nal credits for developers. Thus, contributors have expanded
access to paid or otherwise limited distribution materials.

In various implementations, the cloud model may offer
access to competing provider systems of application pack-
ages. A user may be able to reprogram/reconfigure the soft-
ware elements of the system to connect to different manage-
ment systems. Thus, competing application provision
systems may spur innovation. For example, application pro-
vision systems may offer users more comprehensive pack-
ages ensuring access to applications optimized for a wide
variety of tasks to attract users to their particular provision
network, and (potentially) expand their revenue base.

The principles described herein may also be combined
with other mechanisms of data encoding in neural networks,
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such as those described in U.S. patent application Ser. No.
13/152,084 entitled “APPARATUS AND METHODS FOR
PULSE-CODE INVARIANT OBJECT RECOGNITION”,
filed Jun. 2, 2011, and U.S. patent application Ser. No.
13/152,119, filed Jun. 2, 2011, entitled “SENSORY INPUT
PROCESSING APPARATUS AND METHODS”, and U.S.
patent application Ser. No. 13/152,105 filed on Jun. 2, 2011,
and entitled “APPARATUS AND METHODS FOR TEMPO-
RALLY PROXIMATE OBJECT RECOGNITION”, incor-
porated, supra.

Advantageously, exemplary implementations of the
present innovation may be useful in a variety of applications
including, without limitation, video prosthetics, autonomous
and robotic apparatus, and other electromechanical devices
requiring video processing functionality. Examples of such
robotic devises are manufacturing robots (e.g., automotive),
military, medical (e.g. processing of microscopy, x-ray, ultra-
sonography, tomography). Examples of autonomous vehicles
include rovers, unmanned air vehicles, underwater vehicles,
smart appliances (e.g. ROOMBA®), etc.

Implementations of the principles of the disclosure are
applicable to video data processing (e.g., compression) in a
wide variety of stationary and portable video devices, such as,
for example, smart phones, portable communication devices,
notebook, netbook and tablet computers, surveillance camera
systems, and practically any other computerized device con-
figured to process vision data

Implementations of the principles of the disclosure are
further applicable to a wide assortment of applications
including computer human interaction (e.g., recognition of
gestures, voice, posture, face, etc.), controlling processes
(e.g., an industrial robot, autonomous and other vehicles),
augmented reality applications, organization of information
(e.g., for indexing databases of images and image sequences),
access control (e.g., opening a door based on a gesture, open-
ing an access way based on detection of an authorized per-
son), detecting events (e.g., for visual surveillance or people
or animal counting, tracking), data input, financial transac-
tions (payment processing based on recognition ofa person or
a special payment symbol) and many others.

Advantageously, various of the teachings of the disclosure
can be used to simplify tasks related to motion estimation,
such as where an image sequence is processed to produce an
estimate of the object position and velocity (either at each
point in the image or in the 3D scene, or even of the camera
that produces the images). Examples of such tasks include
ego motion, i.e., determining the three-dimensional rigid
motion (rotation and translation) of the camera from an image
sequence produced by the camera, and following the move-
ments of a set of interest points or objects (e.g., vehicles or
humans) in the image sequence and with respect to the image
plane.

In another approach, portions of the object recognition
system are embodied in a remote server, comprising a com-
puter readable apparatus storing computer executable
instructions configured to perform pattern recognition in data
streams for various applications, such as scientific, geophysi-
cal exploration, surveillance, navigation, data mining (e.g.,
content-based image retrieval). Myriad other applications
exist that will be recognized by those of ordinary skill given
the present disclosure.

Although the system(s) and/or method(s) of this disclosure
have been described in detail for the purpose of illustration
based on what is currently considered to be the most practical
and preferred implementations, it is to be understood that
such detail is solely for that purpose and that the disclosure is
not limited to the disclosed implementations, but, on the
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contrary, is intended to cover modifications and equivalent
arrangements that are within the spirit and scope of the
appended claims. For example, it is to be understood that the
present disclosure contemplates that, to the extent possible,
one or more features of any implementation can be combined
with one or more features of any other implementation.

What is claimed is:

1. A method of operating a node of network, the method
comprising:

scaling individual inputs of a plurality of inputs received by

the node via a plurality of connections, the scaling using
at least a transformation to produce a plurality of scaled
inputs; and

updating a state of the node based on at least combining the

plurality of scaled inputs, the updating configured to
cause the node to generate a response based on at least
the updated state of the node breaching a threshold;
wherein:
the individual inputs of the plurality of inputs comprise
a first value, and the plurality of scaled inputs com-
prise a second value that is larger than the first value;
and
the transformation comprises a concave function of the
plurality of inputs, the concave function configured to
increase the first value to produce a third value, and to
decrease the second value to produce a fourth value.
2. The method of claim 1, wherein:
individual ones of the plurality of connections are charac-
terized by efficacy configured to advance or delay onset
of the response generation; and

the method further includes adjusting a given efficacy of a

given one of the plurality of connections based on at
least a time interval between a time of the response onset
and a time of input of the plurality of inputs associated
with the given one of the plurality of connections.

3. The method of claim 2, wherein:

the transformation comprises a first transformation mode

characterized by the plurality of scaled inputs being
configured equal to a respective individual input within
afirst transformation range, and a second transformation
mode characterized by the plurality of scaled inputs
being configured to be different from the respective indi-
vidual input within a second transformation range;

the adjusting the given efficacy of the given one of the

plurality of connections is configured based on a con-
nection update process; and

the first transformation mode is configured to utilize the

connection update process.

4. The method of claim 1, wherein:

the combination of the plurality of scaled inputs comprises

producing a combined input characterized by a first
magnitude range; and

the transformation comprises converting input values

within the first magnitude range into values within a
second magnitude range, the second magnitude range
comprising a prescribed upper end.

5. The method of claim 1, wherein the transformation
comprises a concave function of the plurality of inputs.

6. The method of claim 5, wherein, the concave function
comprises one or more of a logarithm and a power law char-
acterized by an exponent value smaller than one.

7. The method of claim 1, wherein,

the individual inputs of the plurality of inputs comprises a

fifth value that is at least two times greater than the
second value; and
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the transformation comprises decreasing the fifth valueto a
sixth value that is within ten percent (10%) of the fourth
value.

8. The method of claim 1, further comprising:

updating the state in accordance with a dynamic process at
a plurality of time intervals;

the combination of the plurality of scaled inputs comprises
producing a combined input associated with a given
update interval of the plurality of time intervals;

configuring the updated state of the node based on the
combined input and at least one other combined input
obtained during another update interval of the plurality
of time intervals prior to the given update interval, the at
least one other combined input configured based at least
on a combination of other scaled inputs received by the
node prior to the another update interval.

9. The method of claim 8, further comprising:

decaying the combined input in accordance with a decay
process, the decaying configured to reduce a contribu-
tion of the combined input for use by a subsequent
update of the plurality of time intervals.

10. The method of claim 9, wherein the decay process is
selected from the group consisting of: (i) an exponential
decay characterized by an exponent; (ii) a linear decay pro-
cess characterized by an average rate; (iii) a geometric decay;
and (iv) a polynomial decay.

11. The method of claim 1, wherein the combining com-
prises a linear combination.

12. A computerized apparatus configured to convert mul-
tiple signals into a latency of a spike, the apparatus compris-
ing:

a first logic configured to combine individual ones of the

multiple signals into a combined signal;
a second logic in communication with the first logic and
configured to transform the combined signal using at
least a concave transformation to produce a transformed
signal; and
a third logic in communication with the second logic con-
figured to generate the spike based on at least the trans-
formed signal;
wherein:
the latency is configured based at least on a function of
the transformed signal;

the function is configured to produce first and second
latency values based on first and second values of the
transformed signal, respectively; and

afirst ratio of the first latency value to the second latency
value is greater than a second ratio of the first value of
the transformed signal to the second value of the
transformed signal.

13. The apparatus of claim 12, wherein for the second ratio
of 1.1, the first ratio is greater than 1.2.

14. The apparatus of claim 12, wherein:

the multiple signals comprise at least one-thousand (1000)
signals received via a plurality of connections, indi-
vidual ones of the at least one-thousand (1000) signals
characterized by an input magnitude value that is suffi-
cient to cause the spike; and

a magnitude of the transformed signal is configured to be
no greater than a multiple of five (5) of the input mag-
nitude value.

15. The apparatus of claim 12, wherein:

responsive to a magnitude of the combined signal being
greater than one (1), a magnitude of the transformed
signal is no greater than one (1); and
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the third logic is configured to enable generation of the
spike responsive to a number of multiple signals being
equal to two (2).

16. A method of operating a node of network, the method

comprising:

scaling individual inputs of a plurality of inputs received by
the node via a plurality of connections, the scaling using
at least a transformation to produce a plurality of scaled
inputs;

updating a state of the node based on at least combining the
plurality of scaled inputs, the updating configured to
cause the node to generate a response based on at least
the updated state of the node breaching a threshold; and

decaying the combined input in accordance with a decay
process, the decaying comprising reducing a contribu-
tion of the combined input for use by a subsequent
update of the plurality of time intervals;

updating the state in accordance with a dynamic process at
a plurality of time intervals;

wherein the combining the plurality of scaled inputs com-
prises producing a combined input associated with a
given update interval of the plurality of time intervals;
and

the updated state of the node is configured based on the
combined input and at least one other combined input
obtained during another update interval of the plurality
of'time intervals prior to the given update interval, the at
least one other combined input configured based at least
on a combination of other scaled inputs received by the
node prior to the another update interval;

wherein:

the individual inputs of the plurality of inputs comprise a
first value, and the plurality of scaled inputs comprise a
second value that is larger than the first value; and
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17. The method of claim 16, wherein:
individual ones of the plurality of connections are charac-
terized by efficacy configured to advance or delay onset
of the response generation; and

the method further includes adjusting a given efficacy of a

given one of the plurality of connections based on at
least a time interval between a time of the response onset
and a time of input of the plurality of inputs associated
with the given one of the plurality of connections.

18. The method of claim 17, wherein:

the transformation comprises a first transformation mode

characterized by the plurality of scaled inputs being
configured equal to a respective individual input within
afirst transformation range, and a second transformation
mode characterized by the plurality of scaled inputs
being configured to be different from the respective indi-
vidual input within a second transformation range;

the adjusting the given efficacy of the given one of the

plurality of connections is configured based on a con-
nection update process; and

the first transformation mode is configured to utilize the

connection update process.

19. The method of claim 16, wherein:

the combination of the plurality of scaled inputs comprises

producing a combined input characterized by a first
magnitude range; and

the transformation comprises converting input values

within the first magnitude range into values within a
second magnitude range, the second magnitude range
comprising a prescribed upper end.

20. The method of claim 16, wherein the decay process is
selected from a group consisting of: (i) an exponential decay
characterized by an exponent; (ii) a linear decay process
characterized by an average rate; (iii) a geometric decay; and
(iv) a polynomial decay.
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